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Abstract

Background: Cerebellar damage can often result in disabilities affecting the peripheral regions of the body. These
include poor and inaccurate coordination, tremors and irregular movements that often manifest as disorders
associated with balance, gait and speech. The severity assessment of Cerebellar ataxia (CA) is determined by expert
opinion and is likely to be subjective in nature. This paper investigates automated versions of three commonly used
tests: Finger to Nose test (FNT), test for upper limb Dysdiadochokinesia Test (DDK) and Heel to Shin Test (HST), in
evaluating disability due to CA.

Methods: Limb movements associated with these tests are measured using Inertial Measurement Units (IMU) to
capture the disability. Kinematic parameters such as acceleration, velocity and angle are considered in both time and
frequency domain in three orthogonal axes to obtain relevant disability related information. The collective dominance
in the data distributions of the underlying features were observed though the Principal Component Analysis (PCA).
The dominant features were combined to substantiate the correlation with the expert clinical assessments through
Linear Discriminant Analysis. Here, the Pearson correlation is used to examine the relationship between the objective
assessments and the expert clinical scores while the performance was also verified by means of cross validation.

Results: The experimental results show that acceleration is a major feature in DDK and HST, whereas rotation is the
main feature responsible for classification in FNT. Combining the features enhanced the correlations in each domain.
The subject data was classified based on the severity information based on expert clinical scores.

Conclusion: For the predominantly translational movement in the upper limb FNT, the rotation captures disability
and for the DDK test with predominantly rotational movements, the linear acceleration captures the disability but
cannot be extended to the lower limb HST. The orthogonal direction manifestation of ataxia attributed to sensory
measurements was determined for each test.

Trial registration: Human Research and Ethics Committee, Royal Victorian Eye and Ear Hospital, East Melbourne,
Australia (HREC Reference Number: 11/994H/16).
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Background
The cerebellum integrates afferent inputs from the
vestibular system, the ocular system and the propri-
oceptive system to control movements of the trunk,
limbs, eyes, head and those producing speech. Dys-
function of the cerebellum, known as ataxia, is rec-
ognized by its characteristic disturbance of movement.
Clinicians subjectively grade the patient’s performance
of specify motor tasks to assess cerebellar defects in
axial, speech or appendicular movements. In this study
we focus on the assessment of appendicular function for
which commonly used motor tasks include the Finger-
to-Nose Test (FNT), test for upper limb Dysdiadochoki-
nesia (DDK) and Heel-Shin Test (HST). These tasks are
based on the seminal observations of Gordon Holmes
and others, beginning over 100 years ago. They have in
common:

• Movements that require action across limb joints
• Repetition and rhythm in a manner that requires

some accuracy in stopping and starting
• Postural stability as a platform to execute these

movements

Clinicians assess the performance by focusing on the
accuracy and rhythmicity of the movements. Accuracy
of movements is assessed by the extent to which there
is undershoot or overshoot of the trajectory and target
[1–3]. The term Dysmetria [4, 5] is often used to describe
this form of increased inaccuracy and implies a dis-
turbance of displacement [6]. While the impairment is
attributed to an inability to judge distance or scale,
increased and variable execution time is often taken as
a measure of the impairment instead [7–9], suggest-
ing that velocity and acceleration are also disturbed.
These assessments are made on movements such as
the FNT (for the upper limb) and the HST (for the
lower limb). These movements consist of repetitive move-
ments between two targets: the patients move the finger
between their nose and the examiner’s finger in the for-
mer and their heel between the ankle and the knee of
the other leg in the latter [10]. Because of the larger
inertial mass, postural stability (difficulty in maintain-
ing the heel on the knee of the other leg) is assessed
as well as the accuracy of maintaining it on the shin
while sliding the heel from the ankle to knee of the
other leg [11].
Rhythmicity is tested by asking the patient to perform

a series of the same movement repetitively. A common
example, used in this study, is to ask the subject to tap
the back of one hand with the fingers of the other hand
and then rapidly turn the tapping hand over and tap
with the back of the fingers. This alternating tapping is
maintained for several iterations with the focus on the

rhythm accuracy and stability of the tap. Any repeti-
tive movement can serve this purpose and, for example,
repeating syllables (such as “ta”) can serve this purpose
and impaired performance is often described as Dysdi-
adochokinesia [12]: or “abnormal succeeding movement”
in Greek. More generally, the focus in assessment is on
the accuracy of stopping one cycle and starting the next
(detected as variability in rhythm of the movement), the
variability in striking the recipient hand (more variabil-
ity is abnormal) and the speed of performance (slowness
increases with cerebellar dysfunction). At the bedside,
clinicians use pattern recognition rather than any objec-
tive measurement and as described above, it is unclear
whether the kinematic parameter should be displacement,
velocity, acceleration or some other measurement of accu-
racy and timing. The bedside assessment of patterns is
formalized by clinical scales, eg Scale for the Assessment
and Rating of Ataxia (SARA), which are explicit about
how the test should be performed and how abnormali-
ties should be scored but this serves to reinforce pattern
recognition.
The complexity of disability manifestations in human

movement necessitate the engagement of accurate mea-
surements and robust feature extraction techniques. The
inertial measurements constitute angular velocity and lin-
ear acceleration in orthogonal directions with respect
to a sensor based frame of reference. Earlier studies
[13] show the use and the effectiveness of accelerometer
data processing in the evaluation of cerebellar dysfunc-
tion. Multiple sensors can be cumbersome and limit the
usability and uptake as a performance assessment tool
for the tests [14]. Complex and expensive rehabilitation
tools typically requiring relatively large infrastructures
and technical expertise for operation have been used for
measuring patient abnormalities−particularly in clinical
settings. Use of single or multiple inertial sensors (IMU)
for feature extraction is inherently more user friendly
and likely to be adapted for assessment in non-clinical
settings [15]. This indeed can potentially be included
in remote rehabilitation programs as well as providing
personalized health care with regular assessments while
patients are in their natural environments. The tech-
niques highlighted in these studies have limited success
due to less effective feature selection employed in data
classification [11]. Clinicians use peripheral tests for iden-
tifying cerebellar ataxia and performs FNT for identi-
fying tremor and imbalance in coordination, and test
for upper limb DDK and HST for identifying movement
irregularities. These clinical observations are inherently
subjective and generally require verification by means
of other clinical assessments. Severity assessment and
quantification of the disability is necessary for progres-
sive treatment plans leading to recovery and disability
management [16].
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This work uses feature extraction techniques to iden-
tify features within the kinematic information gained
from kinematic measures, that predict the presence and
severity of ataxia as judged by the clinician. Clinician
experienced in rating ataxia provided scores of the sever-
ity of ataxia as assessed by the performance of the
test and also of the overall ataxia (all body parts).The
BioKinTM is 3 axes Inertial Measurement Units (IMU)
with Wi-Fi communication for real time data capture
and transmission. The sensory information captured from
the tests is analyzed to uncover certain features intrin-
sically linked to the underlying disability as well as
information describing the extent of the disability. The
BioKinTM sensors were attached securely to the rele-
vant body part during the performance of the three
tests. Linear acceleration and angular velocity were the
kinematic measures captured from the sensor. The low
pass filtered sensor kinematic information was subjected

to frequency domain analysis using Fast Fourier Trans-
forms (FFT). Data alignments observed through Principal
Component Analysis (PCA) were initially used to reduce
the dimensionality of the feature space and subsequently
to enforce a balance between the clustering of the two
dominant cohorts (patients and controls) and enhance
the correlations with expert clinical scores through the
Linear Discriminant Analysis (LDA) (Fig. 1). Further,
machine learning approaches were used to enhance the
classification.

Methods
Participants
There were 70 participants consisting of 31 people with-
out ataxia (controls: 13 males and 18 females) aged 50
± 25 years and, 39 people with ataxia of varying severity
aged 60 ± 20 years. All subjects performed all three tests,
and the movement data wais recorded using IMU sensors

Fig. 1 Schematic Representation of the Data Analysis: Feature Selection, Feature Extraction, Separation, Correlation and Classification
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Fig. 2 Data analysis using BioKinTM sensor: The data is transmitted wirelessly to the phone and then to the cloud storage. This is available for the
data analysts

and accelerometry. All the participants signed informed
consent forms and the study was approved by the Human
Research and Ethics Committee, Royal Victorian Eye and
Ear Hospital, East Melbourne, Australia (HREC Reference
Number: 11/994H/16).

Experimental Task
Linear acceleration and angular velocity were captured
using a BioKinTM [17] wearable module that included a
built-in MPU9250 IMU sensor and a IEEE802.11b/g/n/
wireless communication interface running on a 32-bit

ARM processor while the FNT, upper limb test for DDK
and HST were performed as given in Fig. 2.
A. Finger to Nose Test: The subjects were instructed

to touch the clinician’s index finger positioned in front of
the patient. The subject was instructed to use their index
finger to first touch the clinician’s finger and then their
own nose and repeat this task for approximately 15 s (as
depicted in Fig. 3a [18]. The test is performed for left and
right limb consecutively. The clinician holds their finger at
a stationary position during the task. The BioKinTM unit
is attached to the subject’s dorsal surface of the hand.

Fig. 3 Tests for evaluation of cerebellar ataxia disorder: Finger to Nose, test for upper limb Dysdiadochokinesia, and Heel to Shin. The 3 tests were
performed by all the participants
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Test for upper limb Dysdiadochokinesia: The subject is
instructed to place the dorsum of one hand on the palm of
the other hand, as depicted in Fig. 3b. The subject is then
instructed to pronate their hand, so that palm side faces
downwards to rest on the palm of the other hand. The
subject is also instructed to pronate and supinate between
these two positions with maximum speed, and the rate of
alternation is extracted from theBioKinTM ’s IMU attached
to the wrist [12].
B. Heel to Shin Test: With the subject in sitting position,

they are instructed to place the heel of one foot onto the
knee of the other leg (as indicated in Fig. 3c) and then slide
the heel down the shin from the knee to the ankle and
back up to the knee. This was repeated 10 times. The test
is then transferred to the other leg. The clinician scores
according to the accuracy and smoothness with which the
heel maintains contact with the shin while performing the
test. This motion is captured by the BioKinTM tied around
the ankle.
The clinical features of patients observed in this study, in

comparison to three other studies [19] is given in Table 1.

Data Analysis
In cerebellar ataxia, translation and rotation can differ
from controls in all three axis so each direction was
analyzed separately. The gyroscope and accelerometer sig-
nals were sampled at 50Hz by the BioKinTM sensor and
we applied a further low pass filter with a cut-off fre-
quency of 10 Hz to the BioKinTM sensor output. A 6th
order bandpass Butterworth Filter with a frequency band
between 2Hz and 5Hz [20] gave better feature separa-
tion on inspection of the frequency bands 1-10Hz. This
inspection selects the frequency band that gives maxi-
mum information.

Table 1 Clinical features of the patients

Clinical features This study Schöls Ikeuchi Matsumura

Number of
patients

39 27 48 35

Age of onset 35+/- 20 30-71 35-67 28-73

Gender M/F 19/20

Symptoms(%)

Limb Ataxia 98 100 100 94

Gait Ataxia 60 100 96 100

Coordination
Inaccuracy

53

Spasiticity 53 35 3

Limb Dysmetria 48 92.8

Dysarthia 25 100 90 80

Positional Vertigo 25

With sensor bias removed, a 6th order bandpass Butter-
worth filter with frequency band between 5 Hz and 25 Hz
is used for filtering noise frequencies to reduce the sensor
drift.
The instantaneous sensor orientation (angle) of the

wrist was calculated from the gyroscope measure [21].
The three main kinematic measures deduced were linear
velocity from the accelerometer and, angular acceleration
and angle of the body part from the gyroscope. Since
the movements were designed to be alternating so as to
capture a core feature of ataxia, measurement of their fre-
quency was important. These specific kinematic features
are extracted from the IMUmeasurements represents the
disability effectively. Magnitude of acceleration exhibits
different behaviours at different positions [22]. The mean,
variance, root-mean square (RMS), and spectral energy
coefficients of the signal magnitudes were parameters that
formed part of the preliminary investigation as given in
Table 2.
The filtered sensor readings were also analysed in the

frequency domain using Fast Fourier Transforms (FFT).
The resonant frequency (RF) and the magnitude of the
frequency at resonance (MR) were captured as features
from the peaks of the respective FFT waveform. Since
there are 5 measures, the FFT analysis generated 60 fea-
tures for the X, Y, Z considering both left and right
limbs axes for each test and the task was to extract the
features movement deficit for each test. Using hypoth-
esis testing for p-values p< 0.05, the kinematic features
of significance were selected. Correlation was consid-
ered reasonable for coefficient values ≥|0.5|. Accordingly,
the dominant axes and the associated characteristic fea-
tures were identified. Feature extraction techniques such
as entropy and Dynamic Time Warping (DTW) were
also engaged when evaluating the techniques outlined in
this paper.
The features considered for each test were combined

in conjunction with dimensionality reduction through the
Principal Component Analysis (PCA), initially via the
visual observation of data distributions along the principal
axes components [23]. PCA technique essentially trans-
forms the data into a new coordinate system by linear
orthogonal transformation and projects the data as per
the variance of distributions where the Diagonal covari-
ance matrix maximizes feature variance. The principal
components with maximum feature contribution were
selected for further analysis. The PCA based feature selec-
tion conducted here was for the purpose of classification.
Silhouette coefficient is used as a quantifiable measure
of separation. It can be used to validate the data consis-
tency within clusters. The average values show how well
the groups are clustered in a tight space.
A detailed severity assessment of patients based on the

extent of ataxia can intrinsically be linked to classification.
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Table 2 Data Analysis using signal parameters

Parameters FNT DDK HST

Gyroscope

Controls Patients Controls Patients Control Patients

Left Right Left Right Left Right Left Right Left Right Left Right

Mean 226.85 204.7 149.8 161.6 384.5 381.89 279.86 283.1 287.33 287.2 185.8 181.1

Variance 1390.1 1951. 1915. 2207. 7000 5990 7590 5990 4500 4450 4580 4500

RMS value 229.89 209.4 156.1 168.3 393.5 389.6 293.1 293.53 290.55 289.2 210.1 210.0

Energy 860.4 856.3 1203. 1192. 908.4 907.7 1344. 1344. 880.4 877.7 1300. 1298.

Accelerometer

Mean 10.97 10.78 10.39 10.43 11.95 11.96 11.24 11.33 11.34 11.33 11.01 10.97

Variance 0546 0319 0169 0331 2057 1633 1109 1542 1105 968 930 980

RMS value 11.00 10.79 10.40 10.45 12.0 12.03 11.29 11.40 11.54 11.22 11.17 11.124

Energy -111.5 -110. -139. -130. -114. -113.8 -203.1 -203.5 -115.6 -114 -153. -152.8

A supervised classification technique using a multi-
class Linear Discriminant Analysis (LDA) classifier was
employed to evaluate the dominant data distribution
derived using PCA to model the clinical scores of the
severity of ataxia. The LDA data classification technique
transformed the given data matrix into a lower dimen-
sion [24]. The data set comprising n-dimensional sam-
ples projected in a feature space was reduced onto a
smaller subspace k for k<(n-1). The PCA generated fea-
ture space was used as input to LDA for the super-
vised learning approach. The LDA classifier discrimi-
nates the PCA features and categorized the subject data
into three different classes- controls (severity score of
“0”), patients with severity score of “1” with mild ataxia
and patients with severity score of “2” with a signifi-
cant level of ataxia, as a preliminary exercise to inves-
tigate the feasibility of uncovering clinically observed
disability related information from intertial measure-
ments. The classification of patients into the two severity
classes was based on the assessments of three indepen-
dent clinicians. In case of any discrepancies among clin-
icians, a majority decision was used, although no such
instances were present for this patient cohort. There
were 20 patients with score “1” and 19 patients with
score “2”. The clinical validity of these scores was sup-
ported by the Scale for the Assessment and Rating of
Ataxia (SARA) scores [25]. The classifier performance
was assessed through the k-fold cross-validation tech-
nique. The underlying approach compared and evaluated
algorithms while checking for over-fitting and potential
misclassification issues. The linear discriminant model
was developed using a dataset trained at k =10. The train-
ing data set was used to predict the testing data set labels.
The accuracy, sensitivity and specificity of the discrimi-
nant model used for cross-validation was chosen as the

performance evaluation criterion. These parameters rep-
resent the proportion of control subjects (specificity) and
patients (sensitivity) that are correctly classified into the
respective group.

Results
Table 2 shows the temporal distribution of the inertial
measurements by means of commonly used statistical
parameters. These parameters suggest that rotational
(gyroscope) kinematics are dominant for differentiating
the two cohorts for the case of FNT. Spectral Energy is
the common parameter in all 3 tests and demonstrate
some differentiation between different cohorts- patient
and control subjects consistently. The feature essentially
corresponds to the energy content of the respective fre-
quency bands in each test. Table 3 depicts the primary
frequency domain features associated with the time series
data for each test. The resonant frequency (RF), the mag-
nitude of the resonant frequency (MR) and the kinematic
parameters, for both left and right hand as well as for
separate axes (X, Y and Z). The kinematic parameters
include velocity (V) and acceleration (A) for the linear
case, and angle (An), angular velocity (Av) and angular
acceleration (Aa) for the rotational case. Together this
amounted to a primary investigation of 60 features for
each test.
Using the hypothesis testing (p<0.05) denoted in

Table 3, the features of significance indicated in
Table 4 were identified for each test and for the pur-
pose of clarity the following notational abbreviation
for the features are adhered to: Frequency Feature
(RForMR)

(Axis,KinematicParameter)
(Test(LorR)) .

Correlation: The features with maximum correlation
values given in Table 3 are plotted for each test to
observe the reasonable seperation as depicted in Fig. 4.
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Table 3 Pearson correlation values and P-values of extracted features

Test D L/R Pval Angular Velocity Acceleration Angular Acceleration Velocity Angle

RF MR RF MR RF MR RF MR RF MR

F N T

X L -0.2755 -0.1221 -0.2843 -0.2128 -0.0209 -0.4412 0.453 -0.0801 0.3231 0.0069

Lp 0.61 0.54 0.72 0.65 0.58 0.75 0.64 0.75 0.62 0.67

R -0.3328 0.3288 -0.2325 0.192 -0.1777 -0.3841 0.5431 -0.237 0.1744 -0.3074

Rp 0.64 0.55 0.63 0.59 0.51 0.71 0.61 0.72 0.58 0.54

Y L -0.6599 -0.6763 -0.4151 -0.0256 0.3877 -0.6851 0.3183 -0.1454 0.568 -0.1897

Lp 0.45 0.29 0.57 0.65 0.54 0.22 0.71 0.54 0.49 0.73

R -0.6582 -0.6777 -0.4269 -0.0738 0.3036 -0.6966 0.2043 -0.3542 0.589 -0.2105

Rp 0.31 0.25 0.54 0.61 0.56 0.25 0.74 0.61 0.41 0.7

Z L -0.2881 -0.2828 -0.3911 -0.1557 0.0485 0.3451 0.2723 -0.0567 0.3428 -0.0013

Lp 0.52 0.51 0.58 0.71 0.52 0.66 0.59 0.61 0.78 0.73

R -0.4053 -0.2476 -0.295 -0.1278 0.2313 -0.3731 0.1654 -0.0294 0.3754 -0.3239

Rp 0.56 0.53 0.6 0.78 0.56 0.53 0.68 0.58 0.78 0.74

D D K

X L -0.3294 -0.0339 0.5095 -0.5883 0.0411 -0.327 -0.3076 -0.3045 -0.0686 -0.1789

Lp 0.54 0.71 0.43 0.29 0.72 0.52 0.59 0.68 0.58 0.72

R -0.4338 -0.0673 -0.5551 -0.5895 0.0316 -0.3031 -0.4736 -0.0984 0.344 -0.1012

Rp 0.51 0.77 0.41 0.22 0.76 0.56 0.62 0.65 0.54 0.79

Y L -0.6178 -0.5237 -0.2619 -0.0184 0.2253 -0.3416 -0.0388 -0.1986 -0.5635 -0.5846

Lp 0.37 0.49 0.63 0.71 0.73 0.58 0.79 0.63 0.22 0.13

R -0.6202 -0.5072 -0.4719 -0.0387 0.2852 0.3865 -0.0461 -0.3757 -0.5532 -0.6143

Rp 0.33 0.41 0.51 0.75 0.67 0.66 0.74 0.65 0.28 0.18

Z L -0.3276 -0.1136 -0.6767 -0.5846 -0.0301 0.2416 -0.3045 -0.0846 0.1059 -0.3366

Lp 0.52 0.67 0.11 0.35 0.76 0.55 0.56 0.72 0.74 0.58

R -0.1921 0.0378 -0.6958 -0.5511 -0.1492 -0.0865 -0.0606 -0.0511 -0.0511 0.0303

Rp 0.56 0.69 0.25 0.32 0.74 0.72 0.79 0.81 0.7 0.53

H S T

X L -0.2458 -0.2792 -0.2426 0.2305 -0.1278 -0.3009 -0.3191 -0.0951 0.149 -0.1686

Lp 0.6 0.71 0.65 0.67 0.65 0.52 0.59 0.75 0.67 0.78

R -0.2019 -0.2125 -0.1479 -0.0853 -0.1721 -0.2913 -0.2224 -0.2117 0.4766 -0.1781

Rp 0.61 0.68 0.73 0.75 0.69 0.64 0.56 0.76 0.55 0.75

Y L 0.133 -0.3736 -0.2634 -0.5134 0.0058 -0.1071 0.3179 -0.3184 0.527 -0.131

Lp 0.68 0.56 0.67 0.48 0.78 0.65 0.63 0.61 0.39 0.54

R -0.2129 -0.031 -0.1409 -0.5074 -0.0977 -0.3015 0.3121 -0.3732 0.5055 -0.1661

Rp 0.66 0.54 0.66 0.49 0.81 0.61 0.56 0.64 0.29 0.53

Z L -0.207 -0.2834 0.0865 -0.5677 0.1204 -0.2822 0.1363 -0.2127 0.397 -0.1521

Lp 0.73 0.67 0.66 0.45 0.74 0.71 0.64 0.67 0.53 0.64

R -0.2725 -0.2394 -0.1536 -0.5912 -0.1643 -0.1214 0.0392 -0.2635 0.381 -0.1887

Rp 0.65 0.59 0.83 0.41 0.64 0.66 0.67 0.62 0.64 0.68

D - Axes; Correlation: L-Left Limb, R-Right Limb; Lp- P value of Left Limb, Rp- P value of Right Limb; RF: Resonant Frequency MR: Magnitude of Resonant frequency
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Table 4 Feature of significance for each test

Test Abbreviation Description (L,R)

FNT RFY ,AvFNT(L,R) RF of Av in Y-axis

MRY ,AvFNT(L,R) MR of Av in Y-axis

RFY ,AaFNT(L,R) RF of Aa in Y-axis

MRY ,AaFNT(L,R) MR of Aa in Y-axis

RFY ,AnFNT(L,R) RF of An in Y-axis

MRY ,AnFNT(L,R) MR of An in Y-axis

DDK RFY ,AvDDK(L,R) RF of Av in Y-axis

MRY ,AvDDK(L,R) MR of Av in Y-axis

RFX ,ADDK(L,R) RF of A in X-axis

MRX ,ADDK(L,R) MR of A in X-axis

RFZ,ADDK(L,R) RF of A in Z-axis

MRZ,ADDK(L,R) MR of A in Z-axis

RFY ,AnDDK(L,R) RF of An in Y-axis

MRY ,AnDDK(L,R) MR of An in Y-axis

HST MRY ,AHST(L,R) MR of A in Y-axis

MRY ,AHST(L,R) MR of A in Z-axis

RFY ,AnHST(L,R) RF of An in Y-axis

MRY ,AnHST(L,R) MR of An in Y-axis

RF(Y ,Av)
(FNT(L,R)),MR(Y ,Av)

(FNT(L,R)) are plotted in Fig. 4a for the
FNT, with RF(Z,A)

(DDK(L,R)),MR(Z,A)
(DDK(L,R)) in Fig. 4b and

RF(Z,A)
(HST(L,R)), MR(Z,A)

(HST(L,R)) in Fig. 4c for DDK and HST
respectively.
Separation: The selected features in Table 4 were con-

sidered in terms of their ability to separate the two
cohorts. Table 5 depicts the separation of the cohorts
quantified in terms of Silhouette’s coefficient subjected
to Principal Component Analysis (PCA). The RF(Y ,Aa)

FNT(L,R)

and MR(Y ,Aa)
FNT(L,R) features in FNT combined generated the

best separation as shown in Fig. 5a. Similarly,combining
RF(X,A)

DDK(L,R),MR(X,A)
DDK(L,R), RF(Z,A)

DDK(L,R) and MR(Z,A)
DDK(L,R) of

acceleration data(X and Z axes) from the IMU in DDK

generated good separation although the best separation
is obtained when using the features RF(Z,An)

DDK(L,R) and
MR(Z,An)

DDK(L,R) as shown in Fig. 5b.
The MR(Y ,A)

HST(L,R) and MR(Z,A)
HST(L,R) features combined

gives separation in HST as depicted in Fig. 5c. The first
3 principal components PC1, PC2 and PC3 gave most of
the information; 86%, 93% and 96% in 3 tests respectively.
Separation is achieved in all tests using angle as the kine-
matic parameter, i.e, RF(Y ,An)

FNT(L,R) andMR(Y ,An)
(FNT(L,R)) features

gave separation in FNT, RF(Z,An)
(HST(L,R)) and MR(Z,An)

(HST(L,R))

gives separation inHSTwhile RF(Y ,An)
FNT(L,R) andMR(Y ,An)

(FNT(L,R))

was the best feature for DDK.
The Silhouette’s values (Sv) of the measures used in each

test are given in Table 5 in accordance with the feature
separation visualized using PCA.
DTW: Dynamic Time Warping The (*) marked values

show the dominant separation, and the light highlighted
values shows less prominent separation. Non-highlighted
values represent weak or no separation.
Classification: All the selected features were considered

for Linear Discriminant Analysis (LDA) for the purpose of
classification into three different severity conditions. PCA
combined features were used as an input for the classifier
in each test as explained below:
Finger to Nose Test: The angular acceleration features

RF(Y ,Aa)
(FNT(L,R)) and MR(Y ,Aa)

(FNT(L,R)) from the gyroscope using
LDA as indicated in Fig. 6b gave the best classification
of FNT. These features from both left and right limbs
were combined using PCA to form the feature input
to LDA. This classification provided the highest corre-
lation with the clinical score (as given in Table 7: i.e.,
0.7782). In Fig. 6a, linear acceleration as a feature gen-
erated only a marginal discrimination, when the reso-
nant frequency and magnitude of X, Y and Z are com-
bined as input features. The angular velocity, RF(Y ,Av)

(DDK(L,R)),
MR(Y ,Av)

DDK(L,R) as features gave noticeable classification as
shown in Fig. 6d. This figure also infers that the angu-
lar velocity feature can primarily discriminate the groups

Fig. 4 Resonant Frequency (RF) versus Magnitude (MR) from FFT analysis using features of high correlation. Figure 4a depicts Y-axis of gyroscope in
FNT, Fig. 4b Z-axis of accelerometer in DDK, Fig. 4c depicts Z-axis of accelerometer in HST, and HST respectively
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Table 5 Measure of Separation using the Silhouette’s value (Sv)

Parameters FNT DDK HST

Acceleration 0.513 0.772* 0.793*

Angular Acceleration 0.784* 0.651 0.687

Velocity 0.535 0.421 0.725*

Angular Velocity 0.708 0.711 0.692

Angle 0.762* 0.783* 0.711*

All features combined 0.617 0.701 0.593

Upper Limb Combination 0.754 0.754 -

Preliminary Parameters (Accelerometer)

Mean 0.305 0.282 0.319

Variance 0.222 0.274 0.334

RMS value 0.406 0.345 0.311

Energy 0.652 0.669 0.647

Preliminary Parameters (Gyroscope)

Mean 0.528 0.277 0.294

Variance 0.505 0.246 0.299

RMS value 0.568 0.255 0.33

Energy 0.673 0.681 0.633

Other Domains (Max values):

Entropy 0.533 0.487 0.479

Power Spectral Density 0.228 0.354 0.412

DTW 0.562 0.429 0.555

*indicates significant Silhouette values for separation

with high severity patients (“2”) and no disability (“0’). In
contrast the velocity feature (Fig. 6c) did not demonstrate
acceptable correlation with the clinical score. RF(Y ,An)

(FNT(L,R))

and MR(Y ,An)
(FNT(L,R)) when using principal components as

input to LDA in Fig. 6e resulted in noticeable classification
relevant to severity.
Test for upper limb Dysdiadochokinesia: RF(X,A)

DDK(L,R),
MR(X,A)

DDK(L,R), RF
(Z,A)
DDK(L,R) and MR(Z,A)

DDK(L,R) features of the
accelerometer resulted in superior discrimination and
correlation with the clinician’s score as in Fig. 6f due

to variations relevant to disability manifested in linear
acceleration with regards to rate of rotation of the palm.
These features indeed contribute to the maximum corre-
lation value given in Table 7 for the test. The linear veloc-
ity features generated marginal discrimination in Fig. 6h
and weak correlation with the clinical scores. RF(Y ,Av)

(DDK(L,R))

and MR(Y ,Av)
(DDK(L,R)) features showed reasonable separation

in Fig. 6i while RF(Z,An)
(DDK(L,R)) and MR(Z,An)

(DDK(L,R)) features,
showed convincing separation for DDK among the partic-
ipants in terms of classification but lower correlation with
clinical scores compared to the acceleration feature. The
feature vector obtained from angle and acceleration can
indeed discriminate the subject data independently while
combining affected adversely.
Heel Shin Test:TheMR(Y ,A)

(HST(L,R)) andMR(Z,A)
(HST(L,R)) along

Y, Z axes of the IMU resulted in the best separation for
the HST using LDA classification as shown in Fig. 6k in
addition to providing superior correlation as indicated in
Table 7. The resonant frequency and magnitude of angu-
lar acceleration poorly discriminated the two cohorts in all
axes (only Y, and Z is shown in Fig. 6l) while themagnitude
of resonant frequency of velocity demonstrated reason-
able separation (Fig. 6m). Further, angular velocity as a
feature also failed to generate any visible separation as
given in Fig. 6n. TheRF(Y ,An)

(HST(L,R)) andMR(Y ,An)
(HST(L,R)) features

captured the disability (separation of the two cohorts)
while the severity manifestation was weak as indicated
in Fig. 6o. Indeed, the acceleration feature generated the
highest discrimination for the case of HST.
Statistical parameters of the LDA outcomes (Fig. 6) are

given in Table 6. The correlation of the LDA results with
the clinical scores using Pearson correlation values are
given in Table 7. The FNT and DDK (the two upper
limb tests) were also combined using PCA resulting in a
separation (Silhouette) value of 0.754 (Table 5) and classi-
fied using LDA resulting in an enhanced agreement with
standard upper limb test correlation with an improved
coefficient of 0.8253 (Table 7). The PCA separation and
consequent LDA performance is shown in Fig. 7a and b

Fig. 5 Best separation using PCA analysis of kinematic parameters. Figures 5a, b, c depicts the best PCA separation on feature combination for the
FNT, DDK, HST respectively
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Fig. 6 Boxplot representing the feature separation with doctors score using Linear Discriminant Analysis Classifier. The 3 different classes of the
classifier include controls, patients with low severity and patients with high severity of ataxia. The panel labels indicate the axes showing best
performance of the classifier for the five kinematic parameters in this study. In FNT (Fig. 6b), angular acceleration features along Y-axis gave superior
classification compared to the other parameters. In DDK, X and Z-axis features of acceleration (Fig. 6f) and Y-axis features of angle (Fig. 6j) shows
highest discrimination. In HST, acceleration features of Y,Z axis (Fig. 6k) discriminated the cohort of patients and healthy subjects compared to the
other parameters. These best outcomes from the LDA analysis is highlighted separately for acceleration and rotation

Table 6 Statistical Analysis of the LDA outcomes

FNT(Angular Acceleration) Fig. 6b DDK(Angle) Fig. 6j HST(Acceleration) Fig. 6k

Controls Patients Controls Patients Controls Patients

Severity 0 1 2 0 1 2 0 1 2

Minimum -0.8306 -3.0897 -7.0334 -1.8815 -2.8054 -3.4728 0.2174 -2.908 -3.7858

Median 0.7073 -2.1527 -3.353 0.0239 -1.858 -2.8329 1.5675 -2.3297 -2.8275

Maximum 2.6476 -0.1296 -2.4498 0.9505 -0.1836 -1.2092 3.8271 -1.3204 -2.2008

Mean 0.8565 -1.943 -3.5043 -0.1537 -1.7186 -2.608 1.68132 -2.1615 -2.9156

Range 3.4782 2.9601 4.5836 2.832 2.6218 2.2636 3.6097 1.5882 1.5853

IQR 1.5167 1.0483 0.7305 1.2948 0.8618 1.2069 1.5673 0.7991 0.5468

IQR refers to the interquartile range and represents the spread/variance of the data
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Table 7 Pearson Correlation Values (c) after applying LDA

Frequency Domain Entropy DTW

Finger to Nose Test 0.7782 0.5668 0.5933

Diadochokinesia Test 0.8054 0.5192 0.6711

Heel to Shin Test 0.7821 0.5014 0.6512

Upper Limb Tests 0.8253 0.5122 0.4533

Lower Limb Test 0.7812 0.5080 0.4832

respectively. Similarly, correlation of HST with lower limb
tests scores gave a value of 0.7812 - no significant change
from the correlation with the test specific score (0.7821 in
Table 5) to the values given in Table 7. The clinician’s score
is compared with standard SARA scores for each test with
the use of Pearson correlation as given in Table 8.
The outcome of the LDA classifier was cross vali-

dated to evaluate the classification performance. The Area
under the Curve (AUC) values obtained from the Region
Of Convergence (ROC) curve 0.7983, 0.9132 and 0.8852
for FNT, DDK and HST respectively are depicted in
Fig. 8. True Positive Rate (number of patients accurately
classified), False Positive rate accuracy (number of healthy
subjects identified as patients) are stated in Table 9. These
cross-validation parameters from Table 9 are presented in
the form of accuracy, sensitivity and specificity in Fig. 9.
The accuracy (max value= 1) values calculated from cross
validation errors are, 0.9175, 0.9350 and 0.8955 for FNT,
DDK and HST respectively. Specificity is given as 1-FPR,
is above 80% for each of the tests. The selected features in
terms of contribution for correlation is given in Table 10.

Discussion
The feature selection using hypothesis testing (p-value)
and the feature correlation using patient/control scores

in Table 3 identified the kinematic parameters that best
differentiated ataxia patients for each of the tests. Hence
the characteristic features contributing to the disorder
were obtained as a consequence of an exhausitive feature
extraction process involving 60 features.
From Figs. 4, 5, 6 and Tables 5 and 6, the rota-

tional motion provided better separation and correlation
with FNT clinical scores. Similarly, for the case of DDK
and HST acceleration-features distinguished control and
patient data and correlated with clinical scores. From
Fig. 4a, b and Table 3 resonant frequency as a (domi-
nant) feature resulted in separation for the upper limb
tests (FNT and DDK). The magnitude of the resonant fre-
quency discriminated patients and controls in the lower
limb test (HST) as indicated in Table 3, and Fig. 4c.
The rotational movement (via gyroscope) captures the

disability resulting in greater separation for the case of
FNT as shown in Tables 4 and 5. Patients repeated the
tasks at a lower frequency than controls and this was evi-
dent from the frequency domain analysis as depicted in
Fig. 4a. Angular acceleration along the Y-axis of the gyro-
scope (Fig. 6b) discriminated the two cohorts effectively.
This can be associated with the uncoordinated movement
of the arm while trying to reach the target. The rota-
tion around Y-axis was during the repeated motion of the
index finger from the nose to the target and then back
to the nose. Thus, in FNT, gyroscope measure becomes
the dominant criterion for discriminating the subject data
based on severity.
In DDK test, the difference in the rotational angle

between the two cohorts is captured through the reso-
nant frequency and magnitude of angle variation. The
range of the angle in the internal (pronation) and exter-
nal rotation (supination) of the wrist differs for the two

Fig. 7 Combination of FNT and DDK test (upper limb). The upper limb tests on combination gave good separation as given in figure (a) and
classified based on severity values as given in Figure (b)
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Table 8 Data and score (Clinician’s and SARA) correlations

TESTDoctors Score 0-1-2SARA score with Clinican’s Score SARA correlation

FNT 0.7782 0.7542 0.7336

DDK 0.8054 0.7651 0.7254

HST 0.7821 0.7369 0.7055

cohorts [26] resulting in movement bias intrinsic to the
ataxia (Table 6). The rapidly alternatingmovements of one
palm over the other resulted in movement abnormalities
among the subjects along the Z-axis of the accelerometer
as shown in Fig. 4b. Also, the patients executed the test
at a relatively slower pace than the controls. This infers
that the test for upper limb DDK differentiates ataxia
patients based on the frequency of operation, linked to
the difficulty in performing the alternating action as well
as the range of rotation is offset to the controls in the
angle variation [27]. The LDA results (Fig. 6f ) obtained for
the DDK test also establishes the inability of the patients
to perform rapid alternating movements manifesting as
linear acceleration in X, Z-axis. The patients are identified
to have lower value of angular velocity along Y-axis and
this represents their difficulty in rotating the palm while
performing the test.
In Heel-to-Shin test, since the test mainly involves

performing linear motion along a straight line in an alter-
nating manner (up and down), the accelerometer com-
ponents typically distinguished the subject data as shown
in Fig. 4c. The acceleration features in Table 5 gener-
ated separation between control and patient cohorts. This
can be related to the variation in the sliding motion of
the heel while maintaining the contact with the shin.
Also, the patient cohort performed the test at a lower
magnitude of resonant frequency compared to the con-
trol cohorts. From Fig. 6k, acceleration features along
X and Z axis produced the best separation and corre-
lation with clinical score (Table 7) and the difference in
direction of ataxia manifestation can be associated to
the uneven motion of the leg along shin. Rotation along

the Y-axis of the gyroscope is observed in all the three
tests and separated controls and patients (not based on
severity) by using resonant frequency and magnitude of
the angle.
From Table 5, the Silhouette values suggest that the

analysis employed in this paper generated better separa-
tion compared to the other existing techniques Sv = 0.793
(highest value). From Table 2, the preliminary analysis
showed frequency domain analysis (spectral energy) gives
dominant data separation and equivalent results are found
from Tables 5 and 6. This implies that frequency domain
analysis gave better results compared to the other feature
extraction techniques.
From Tables 5, 6 and Fig. 7, the combination of the

upper limb tests (FNT and DDK) improved the correla-
tion with the clinician’s score. The separation value is Sv=
0.754 which falls under high separation coefficient and
correlation of 0.8219 which is greater than individual cor-
relation values for the tests. HST also correlated with the
lower limb test scores value of 0.7812 comparable to the
correlation with the HST test scores. The data correlates
with both the clinical and SARA scores equally, as denoted
in Table 8.
From Fig. 9, the performance parameters from cross-

validation demonstrated a higher degree of classifica-
tion into severity scores indicating a significantly higher
correlation substantiated by the higher AUC and accu-
racy values. Hence, this analysis adopted using PCA
and LDA supervised classification provided acceptable
level of performance. DDK test and HST are observed
to have superior values of classification performance
parameters in comparison to that of FNT as depicted
in Table 9 and Fig. 8. The results acquired in Table 9
have a higher degree of specificity which confirms greater
success rate in using the model during cross-validation.
The error rates of classification are found to be very
low providing successful classification. Support Vector
Machine is another supervised machine learning tech-
nique used for the analysis but since the number of subject

Fig. 8 ROC curve for the 3 tests. The AUC values calculated from ROC curve is found to be 0.7983 for (a) FNT, 0.9132 for (b) DDK and 0.8852 for (c) HST
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Table 9 True Positive Rate, False Positive rate, Error

TPR FPR Error

FNT 0.69 0.11 0.2651

DDK 0.75 0.17 0.0683

HST 0.73 0.09 0.1045

data is limited (70), an extensive data analysis involving
other learning-based approaches are planned for future
analyses.

Conclusion
An automated peripheral test for the objective assess-
ment of Cerebellar Ataxia is investigated using an IMU
based motion capture system during standard peripheral
bedside tests.
The acceleration (linear/rotational) from the BioKinTM

was identified as the most prominent feature capturing
the disability. In the case of FNT, the most convincing
separation between patients and controls resulted by the
combination of gyroscope features. In particular, angu-
lar acceleration is the dominant feature obtained with
the best correlation with the clinical score. In contrast,
for the DDK and HST tests, linear acceleration features
resulted in the best separation and correlation with the
clinical scores. It is notable that for the upper limb FNT,
predominantly translational movement, the rotation cap-
tures disability and for the DDK test with predominantly
rotational movements, the linear acceleration captures
the disability although this cannot be extended to the
lower limb HST. Contrastingly, HST does not consist of
considerable limb rotation.

Fig. 9 Cross Validation Parameters: Accuracy, Sensitivity and
Specificity parameters for the 3 tests respectively

Table 10 Features combination priority based on analysis

Test Selected Features PCA LDA

FNT RFY ,AvFNT(L,R) C1 C2>C1>C3 C2>C1>C3

MRY ,AvFNT(L,R)

RFY ,AaFNT(L,R) C2

MRY ,AaFNT(L,R)

RFY ,AnFNT(L,R) C3

MRY ,AnFNT(L,R)

DDK RFY ,AvDDK(L,R) C4 C6>C5>C4 C5>C6>C4

MRY ,AvDDK(L,R)

RFX ,ADDK(L,R) C5

MRX ,ADDK(L,R)

RFZ,ADDK(L,R)

MRZ,ADDK(L,R)

RFY ,AnDDK(L,R) C6

MRY ,AnDDK(L,R)

HST MRY ,AHST(L,R) C7 C7>C8 C7>C8

MRY ,AHST(L,R)

RFY ,AnHST(L,R) C8

MRY ,AnHST(L,R)

The evaluation of the three tests suggests that cerebellar
ataxia is not manifested in the direction of the dominant
limb motion during the course of the tests as shown in
Table 11. The characteristic features that clinicians do not
observe in normal bedside testing include features such as
angle and the movements generated as artefacts from the
primary motion of the test. Rotational movement around
the Y-axis (pronation and supination) in the form of angle
variation is dominant for all tests separating controls and
patients. The FNT is considered a goal-oriented test while

Table 11 Manifestation of cerebellar ataxia through sensory
means

Test Kinematic parameter Direction of movement deficit

FNT Angular acceleration Y

Angle Y

Acceleration X,Z

DDK Angular velocity Y

Angle Y

HST Acceleration Y,Z

Angle Y
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the DDK and HST are considered alternating movement
tests.
In the alternative movement tests (DDK and HST),

linear acceleration is observed as the dominant feature
while for the goal-oriented test, rotational acceleration is
observed as dominant. It is also notable that the goal ori-
ented FNT is executed with the participation of one limb
while for the alternating movements tests, both limbs par-
ticipate for the test, although only one limb is primarily
engaged in the execution of the test.
Frequency domain features generated better separation

(Sv= 0.793) and correlation (c= 0.8219) for the tests com-
pared to features in the time domain (DTW c = 0.6711,
Sv = 0.562) and the entropy domain (c = 0.5668, Sv
= 0.533). The validity of the clinical scores are fur-
ther coincidentally supported, as the “1” and “2” SARA
scores directly correlate with the clinician’s score of “1”.
In the same respect, the SARA scores of “3” and “4” cor-
respond to the clinician’s score of “2” for this patient
cohort.
The combination of FNT and DDK gave better corre-

lation with the clinical scores than independently. There-
fore, the combination provided better correlation of the
upper limb score. The HST correlated with clinical test
scores (c = 0.7829) as well as lower limb scores (c =
0.7812). The combination of all three tests do not provide
a full picture of ataxia (correlating with a global/generic
score) as other domains are not covered under these
peripheral tests.
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